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Abstract Twocomputationadlecisiormodelsarepresetedfor theprodemof de-entralized
contractingdf multi-dimensionaservicesandgoodshetweerautonomosagerts.
Theassumptiorof themodelsis thatagentsareboundedn bothinformationand
computation.Heuristicandapproximatesolutiontechniquedrom Artificial In-
telligenceareusedfor the designof decisionmechanisnthatapproachmutual
selectionof efficient contracts.
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Intr oduction

The problemof interestin this chapteris how autonomousomputational
agentsanapproachanefficienttradingof multi-dimensionakervicer goods
underassumption®f boundedrationality Tradingis assumedo involve ne-
gotiation,a resolutionmechanisnfor conflicting prefeencesbetweenselfish
agents.We restrictoursehesto a monopolisticeconomyof two tradingagents
thatmeetonly onceto exchangegoodsandservices Agentsareassumedo be
boundedn bothinformationandcomputation.Informationneededor decision
makingis assumedo beboundeddueto bothexternalandinternalfactors so-
cial andlocalinformationrespecirely. Agentshave limited socialinformation
because¢hey areassumedo be selfish,sharinglittle or noinformation. In ad-
dition to this agentanayalsohave limited local information(for exampleover
their own preferencespecaus®f complity of theirlocal task(s). Computa-
tion, in turn,is a problemin contractnegotiationbecaus®f the combinatorics
of scale Computatioris informally definedastheproces®f searchingaspace
of possibilities[11]. For a contractwith 100 issuesandonly two alternatves
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for eachissue the sizeof the searchspacds roughly 103° possiblecontracts,
too largeto be exploredexhaustvely.

Theunboundedormulationof suchaneconomicaproblemhaslong been
the centralconcernof classicgametheorywhich hasproduceda numberof
modelsof social choice. For this reasongametheory modelshave become
strongcandidategor modelsof socialagents. Surprisingly suchapparently
simplegamescanbe usedto conceptualizea variety of syntheticmeaningful
andformal prototypicalcontet asgames.Therefore suchmodelscanbeused
to designandengineemulti-agentsystemsaswell asanalyzethe behaiour of
theresultingsocialartifactusingthelogical tools of themodels.However, the
underlyingunboundedassumption®f classicgametheoryis problematicfor
the designof computationabystemgz2].

Artificial Intelligence(Al) ontheotherhandhaslong considerednodelsof
the relationshipbetweenknowledge,computationandthe quality of solution
(hencefortireferredto asthe K-C-Q relationship)7]. Al hasshovn thatthere
exists a hierarchyof tradeofs betweerk, C andQ, with modelsthatachiere
perfectoptimal results(like gametheory models)but at the costof requiring
omniscienceand unboundedagentsto modelsthat sacrificeoptimality of Q
for a morerealistic setof requirementover K and C [12]. Differentagent
architecturesirethenentailedfrom differentK-C-Q relationshiptheories.

In the next two sectiongwo suchcomputationamodelsof negotiationare
proposedpnedeductve andthe otheragent-basedimulation,thatcanbe an-
alyzedastwo differentgames.The aim of thesemodelshasbeento attemptto
addressomeof thecomputationaaindknowledgeproblemsmentionedabove.
In particular in thefirst modelthe typesof problemsof interestis whenK is
limited becausagentshave atbestimperfectandatworstno knowvledgeof the
others'’utility functions. The bestanagentcando is to reasorwith imperfect
knowledgeby forming approximation®f others'utilities. In thesecondnodel
the knowledgeproblemis even moreextensve becausegentsn additionare
assumedo have anincompleteknowledgeof their ownutility functions.

A Bargaining Game

In this modeltherearetwo players(a andb) representingpne consumer
and one producerof a serviceor a good. The goal of the two agentsis to
negotiateanoutcomer € X, whereX isthesetof possiblecontradsdesribing
multi-dimensionalgoods/servicesuchasthe price of the service the time at
which it is required,the quality of the deliveredserviceandthe penaltyto be
paid for renaying on the agreement.If they reachan agreementthen they
eachreceve a payof dictatedby their utility function, definedasU; : X —
[0,1],2 € {a,b}. If the agentsfail to reachary deal, they eachreceve a
conflict payof ¢. However, from the set X, only a subsetof outcomesare
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“reachable”.Call the setof feasibleoutcomes3, containingthoseagreements
thatareindividually rational andboundedby the pareto optimalline [13]. An
agreements individually rationalif it assignseachagenta utility thatis at
leastaslarge astheagentcanguarantedor itself from the conflictoutcomex,.
Paretooptimality is informally definedasthe setof outcomeghat are better
for bothagentd1]. It is oftenusedasa measuref theefficiency of the social
outcome.Giventhe game(B, x.), the protocol,or “rules of encounter”[8],
normatvely specifieghe processof negotiation. The protocolchoserfor this
gameis thealternatingsequentiamodelin whichtheagentdake turnsto make
offersandcounterffers[10]. Theprotocolterminatesvhentheagentsometo
anagreemenortimelimits arereacheadr, alternatvely, whenoneof theagents
withdraws from the negotiation. This distributed, iterative andfinite protocol
wasselecteecausét is un-mediatedsupportdelief updateandplacestime
boundson the computationatesourceshatcanbe utilized.

However, likechesdor example agentsanhavedifferert negatiation strate
giesgiventhe normatve rulesof the game. Two heuristicdistributedandau-
tonomoussearchstratgieshave beendevelopedwhosedesignhasbeenmoti-
vatedby theknowledgeandcomputatiorboundednesargumentgyivenabore.
One parametricmechanismthe responsivanedanism is a mechanisnthat
conditionsthe decisionsof the agentdirectly to its ervironmentsuchasthe
concessionarpehaiour of the otherparty, thetime elapsedn negotiation,the
resourcesused,etc. [3]. However, the mechanismis known to have several
limitations[4]. In somecasesgentdail to makeagreementsventhoughthere
arepotentiakolutions becauséhey fail to exploredifferent possble valuecom-
binationsfor thenegotiationissues For instancea contractmayexistin which
the serviceconsumenffersto payahigherpricefor aserviceif it is delivered
sooner This contractmay be of equalvalueto the consumemlsonethathasa
lower price andis deliveredlater However from the serviceprovider’s point
of view, theformermay be acceptabl@andthe lattermay not. Theresponsie
mechanisndoesnot allow the agentgo explorefor suchpossibilitiesbecause
it treatseachissueindependentiandonly allows agentdo concedenissues.

A secondmechanismgalledthetrade-of mehanism wasdevelopedto ad-
dressthe above limitations andconsequenthgelectsolutionsthatlie closerto
thepareto-optimaline, againin thepresencef limited knowledgeandcompu-
tationalboundednespt]. Intuitively, atrade-of is whereoneparty lowersits
utility onsomenggotiationissuesandsimultaneouslylemandsnoreon others
while maintaininga constanbverall contractutility. This,in turn,shouldmake
agreemeninorelikely andincreasehe efficiencgy of the contracts. An algo-
rithm hasbeendevelopedthatenablesagents€o make trade-ofs betweerboth
guantitatve and qualitative negotiationissuesjn the presencef information
uncertaintyandresourceboundednestor multi-dimensionalgoods[4]. The
algorithmcomputes: dimensionatrade-ofs usingtechnique$rom fuzzy sim-
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Figure1.1. Utility Dynamicsof the Mechanisms

ilarity [14] to approximatehepreferencestructureof theneggotiationopponent.
It thenusesa hill-climbing techniqueto explorethe spaceof possiblecontract
trade-ofs for a contractthatis mostlikely to beacceptableThe compleity of
thisalgorithmhasbeenshavn to grow linearly with growing numberof issues
[4].

Thedetailsof the algorithmscanbe foundin [3] and[4]. The dynamicsof
thecontraciutility generatethy eachof theabore mechanismandonepossible
combinationis givenin figure 1.1 A, B andC respectiely for the alternating
sequentialprotocol. The filled ovals are the utility of the offered contracts
from agenta to agentdb from agenta’s perspectie, and the unfilled ovals
represertheutility of theofferedcontracsfromagentbtoagenta fromagentd’s
perspectie. Thepatternedaval representthejoint utility of thefinal outcomes.
Thepareto-optimaline is givenby thecurvilinearline connectinghetwo pairs
of payofs (1,0) and(0, 1). Figurel.1A representsa possibleexecutiontrace
whereboth agentsgeneratecontractswith the responsie mechanism.Each
offer haslower utility for the agentwho makesthe offer, but relatvely more
utility for the other This processontinuesuntil oneof the agentss satisfied
Ue(zt_,,) > Uz?_,)), wherez! . is the contractofferedby agentb to a
attime¢. Thisterminationcriteriais referredto asthe cross-eer in utilities.
Theresponsie mechanisntanselectdifferentoutcomesasedon the rate of
concessiomdoptedor eachissue(the angleof approactio the outcomepoint
in figure1.1A).

Figurel.1 B representsinothermpossibleutility executiontracewhereboth
agentsnow generateontractswith the trade-of mechanismNow eachoffer
hasthe sameuitility for the agentwho makes the offer, but relatvely more
utility for the other(movementtowardsthe pareto-optimaline). Thetrade-of
mechanisnsearche$or outcomeghatareof the sameutility to theagent,but



Multi-AgentContract Negotiation 7

which may resultin a higher utility for the opponent. Onceagain,this is a
simplificationfor purposesf the exposition—anoffer generatedy agenta
may indeedhave decreasingutility to agentb (arrov maoving awayfrom the
pareto-optimalline) if the similarity function being useddoesnot correctly
inducethe preferencesf the otheragent.

Finally, agentscan combinethe two mechanismshrougha metastratgy
(figure 1.1 C). Onerationalefor the useof a meta-stratgy is reasoningabout
the costsandbenefitsof differentsearchmechanismsAnotherrationale,ob-
senablefromtheexampleshavnin figure1.1B, isthatbecaus¢helocal utility
informationis privateagentsannotmake aninterpersonatomparisorof indi-
vidualutilities in orderto computenvhetheraparetooptimalsolutionhasindeed
beenreached.In the absencef a mediatorthe lack of suchglobalinforma-
tion meansgyotiationwill fail to find ajoint solutionthatis acceptabléo both
parties.In factagentsenteraloop of exchanginghesamecontractwith onean-
other Figurel.1C shavsasolutionwherebothagentimplementaresponsie
mechanismandconcedeutility. This concessiommay; asshavn in figure 1.1
C, indeedsatisfytheterminationconditionsof thetrade-of mechanisnwhere
offerscross-@erin utilities. Alternatively, agentanayresumeamplementinga
trade-of algorithmuntil sucha cross-wer is eventuallyreachedr time limits
arereachedln generalthe evaluationof which searctshouldbeimplemented
is delegatedio ameta-leel reasonewhosedecisionsanbebasednbounding
factorssuchasthe opponens perceved stratgy, the on-line costof commu-
nication,the off-line costof the searchalgorithm,the structureof the problem
or the optimality of the searchmechanismin termsof completenesgfinding
an agreementvhenoneexists), the time and spacecomplity of the search
mechanismandtheexpectedsolutionoptimality of themechanismvhenmore
thanoneagreemenis feasible.

A Mediated Game

In theabore modeltheissuedeingneggotiatedover areassumedo beinde-
pendentwheretheutility to anagentof a givenissuechoiceis independentf
whatselectionsaremadefor otherissues.The utility functionthataggreates
the individual utilities underthis assumptions thentaken to belinear This
assumptiorsignificantlysimplifiesthe agents’local decisionproblemof what
issuevaluesto proposedn orderto optimizetheir local utility. Optimizationof
suchalinearfunctionis achiezedby hillclimbing theutility gradient.However,
realworld contractsarehighly interdependentWhenissueinterdependencies
exist, the utility functionfor the agentsexhibits multiple local optima. Multi-
optimality resultsin firstly amoreextensve boundedationalityproblemsince
notonly is computatiorlimited but now alsobothlocal andglobalknowledge
arelimited. Localknowledgeis limited becaus¢heagentow hasto know and
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optimizea muchmorecomplicatedutility function. Secondlya methodolog-
ical changefrom deductve modelsto simulationstudiesis neededdueto the

comple non-linearitiesnvolvedin thesystem.Thesolutionto theseproblems
arebriefly outlinedbelav in amodelof negotiationthatdepartfrom themore

deductve modeloutlinedabore [5].

In this modela contractz is an N dimensionabooleanvectorwherez; €
{—1,+1}, representthepresencer absencef a“contractclause”. Thecon-
tractsearchpolicy is encodedn the negotiationprotocol. Becausayenerating
contractproposaldocally is both knovledge and computationallyexpensve
we adoptanindirectsingletext protocolbetweertwo agentsdy deleggatingthe
contractgeneratiorprocesgo acentralizednediator[9]. A mediatomproposes
acontractr! attimet. Eachagenthenvotesto accepor rejectz!. If bothvote
to acceptthe mediatoriteratvely mutateshe contractz! andgenerates*!.
If oneor both agentsvote to reject, a mutationof the mostrecentmutually
acceptableontractis proposednstead.Theprocesss continueduntil the util-
ity valuesfor bothagentsecomestable(i.e. until noneof the newly contract
proposaloffer any improvementin utility valuesfor eitheragent). Note that
this approacltanstraightforvardly be extendedio N party (i.e. multi-lateral)
negotiation. The utility of the contractto an agentis definedas the linear
combinationof all the pairwiseinfluencesetweerissues.

Two computationallyinexpensie decisionalgorithmswereevaluatedn this
protocol: a hillclimber anda simulatedannealer A hillclimber only accepta
contracif andonlyif theutility of thecontractz increasesnonotonicallywhen
an issueis changed.However, this steepestascencdalgorithmis known to be
incapableof escapindocal maximaof theutility function. Theotherdecision
algorithmis basedon the knowledgethat searchsuccesanbe improved by
addingthermalnoiseto this decisionrule [6]. The policy of decreasindl’
with timeis calledsimulatedannealind6]. Simulatedannealinguleis knowvn
to reachutility equilibrium stateswhen eachissueis changedwith a finite
probabilityandtime delaysarenegligible.

To evaluatethesealgorithmssimulationswere run againwith two agents
a andb. The contractlength N wassetto 100 (correspondindo a spaceof
2100 " or roughly 10%° possiblecontracts)whereeachbit wasinitialized to a
value{—1, +1} randomlywith auniformdistribution. Theinitial temperature
wassetto 10 anddecreasedh stepsof 0.1 to 0. Final averageutilities were
collectedfor 100 runsfor eachtemperaturegecrementTheleft figurein figure
1.2 shavs theobseredindividual payofs for testsexaminingtherelationship
of C-Qwith local utility metricof Q. Oneobsenationis thatif the otheragent
is alocal hill-climber, anagents thenindividually betteroff beingalocal hill-
climber, but faresvery badlyaslocalannealerlf theotheragents anannealer
the agentfareswell asanannealetbut doeseven betterasa hillclimber. The
highestsocial welfare, however, is achiered whenboth agentsareannealers.
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Figure1.2. GameDynamics(left) andFinal Payoff Matrix of the Game(right)

This patterncanbereadilyunderstoodisfollows. At high virtual temperature
an annealeracceptsalmostall proposedcontractsindependentlyof the cost-
benefitmagins. Therefore at high virtual temperaturehe simulatedannealer
is moreexplorative and“far sighted”becausét assumegostsnow areoffset
by gainslater Thisis in contrasto themyopicnatureof thehillclimber where
explorationis constrainedy themonotonicityrequirementln theasymmetric
interactiorthecoopeation of anneakrspemitsmoreexplorationofthecontraa
space,andhencearrival to higher optima, of hillclimber’s utility landscape.
However, this cooperations notreciprocatedby hillclimberswho actselfishly
Therefore gainsof hillclimbers areachiesed at the costof the annealer The
right figure in figure 1.2 representshe underlyinggameasa matrix of final
obseredutilities for all the pairingsof hillclimber andannealestratgjies. The
resultsconfirm that this gameis an instanceof the prisoners dilemmagame
[1], wherefor eachagentthedominantstratayy is hillclimbing. Thereforethe
uniquedominatingstratgy is for bothagentso hillclimb. However, thisunique
dominatingstratgy is pareto-optimallydominatedvhenbothareannealersin
otherwords,the single Nashequilibria of this game(two hillclimbers)is the
only solutionnotin the Paretoset.

Conclusions

The contractingproblemwas usedto motivate two differentheuristicand
approximatagentecisionmodels, bothbaseanaredistic se of requiremens
overbothK andC. However, thecostof theseequiremertsis thesub-optimality
of Q. Thistrade-of wasdemonstrateth bothmodelsby negotiationstratgies
selectingoutcomeghat are not paretoefficient. However, imperfectionss a
commonfeatureof theworld andrealsocialsystemsave establisheghersonal
andinstitutionalmechanismgor dealingwith suchimperfections. Similarly,
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in future computationamodelsare soughtthat areincrementalrepeatedand
supportfeedbackanderrorcorrection. Learningandevolutionarytechniques
aretwo candidategor optimizing this trade-of giventhe ervironmentof the
agent.

References

[1] K. Binmore(1992).Funand Games:A Text on GameTheory Lexington,
Massachusett®.C. HeathandCompary.

[2] P. Faratin (2000)Automated Service Ngyotiation betweenAutonomous

ComputationalAgents Ph.D.Thesis,Departmenbdbf ElectronicEngineer
ing, QueenMary andWestfieldCollege, University of London.

[3] Faratin,P andSierra,C andJenningsN.R (1998).Negotiation Decision
Functionsfor AutonomousAgents Journalof Roboticsand Autonomous
Systems24(3-4):159-182.

[4] Faratin,PandSierra,CandJenningsN.R (1998).UsingSimilarity Criteria
to Make Negyotiation Trade-Ofs, InternationalConferenceon Multi-agent
SystemgICMAS-2000),Boston,MA., 119-126.

[5] P Faratin,M. Klein, H. SamayaandYaneemBarYam (2001).SimpleNe-
gotiatingAgentsin Complex GamesEmegentEquilibria andDominance
of Strategies In Proceeding®f the 8th Int Workshopon Agent Theories,
ArchitecturesandLanguage$ATAL-01), Seattle USA.

[6] S. Kirkpatrick and C.D. Gelattand M.P. Vecci (1983). Optimizationby
SimulatedAnnealing Science671-680.

[7] J.Pearl(1984).Heuristics ReadingMA: Addison-W\ésley.

[8] J.S.RosenscheiandG. Zlotkin (1994).Rulesof Encounter Cambridge,
Massachusett®lIT Press.

[9] H. Raiffa (1982). The Art and Scienceof Negotiation Cambridge MA:
Harvard University Press.

[10] A. Rubinstein(1982).Perfectequilibriumin a bargainingmode| Econo-
metrica,50:97-109.

[11] S. Russelland P. Norvig (1995). Artificial Intelligence: A modernap-
proacdh UpperSaddleRiver, New Jersg: PrenticeHall.

[12] S.RussellandE. Wefald (1991).Do the Right Thing CambridgeMas-
sachusettdvlIT Press.

[13] J.von NeumanmandO. Morgernstern(1944).The Theoryof Gamesand
EconomidBehaviour PrincetonN.J: PrincetonUniversity Press.

[14] L. A. Zadeh(1971).Similarity relationsandfuzzyorderings Information
Sciences3:177-200.



